In this research study we have developed a clustering-based automatic sleep spindle detection method that was evaluated on two different databases. The databases consisted of 20 all-night polysomnograph recordings. Past detection methods have been based on subjectindependent and some subject-dependent parameters, such as fixed or variable thresholds to identify spindles. Using a multivariate Gaussian mixture model clustering technique, our algorithm was developed to use only subject-specific parameters to detect spindles. We have obtained an overall sensitivity range (65.1-74.1%) at a (59.55-119.7%) false positive proportion.
IN TROD UCTI ON
Sleep is a vital physiological process for normal brain function, and is a widely researched area in sleep medicine. Based on certain neurological and physiological markers, sleep has been differentiated into multiple stages. Analysis of the quality of sleep and sleep disorders is primarily conducted with the use of polysomnography (PSG) data. PSG data consist of various electrical signals recorded overnight, which are obtained through electrodes placed on the human body [e.g. electroencephalography (EEG), electrooculography (EOG), electromyography (EMG), electrocardiogram, pulse oxiometry and respiratory airflow signals]. The manual scoring of sleep stages involves visual inspection of various PSG signals followed by separation of each 30-s epoch into one of the known sleep stages. This manual scoring is a cumbersome, timeconsuming process and, furthermore, agreement between two different human scorers (inter-scorer variability) is not always consistent (Huupponen et al., 2007) . However, visual scoring of sleep stages is considered to be the gold standard and useful in diagnosis of sleep disorders. Sleep stage scoring also involves the identification of numerous transients from EEG, EOG and EMG signals, associated with sleep stages and events. One of these transients is the sleep spindles, present in the EEG signal during sleep stages 2 and 3 (Iber et al., 2007) of non-rapid eye movement (NREM) sleep.
According to the latest standard for sleep staging [i.e. the American Academy of Sleep Medicine (AASM) sleep standard (Iber et al., 2007) ], spindles are defined as oscillatory activity in the 11-16 Hz frequency range with a duration of 0.5-2.0 s observed in the EEG. Sleep spindles are also known to be clinically significant, as in some psychiatric disorders such as Alzheimer's disease, schizophrenia and progressive supranuclear palsy, a reduced number has been observed (Petit et al., 2004) . The density and number of sleep spindles has also been hypothesized to be an indication of cognitive function and intelligence (Fogel and Smith, 2011; Petit et al., 2004) . Previous work in the area of automatic spindle detection has led to various techniques being developed. In one technique, frequency and amplitude features calculated using short-time Fourier transform were used as inputs to neural networks (Acır and G€ uzelis ß, 2004; Gorur et al., 2002) . A neural network fed with various features to identify spindles was another method that was developed (G€ unes ß et al., 2011; Shimada et al., 2000) , and independent component analysis was also used to identify spindles (Ventouras et al., 2007) . Spindle detection by bandpass filtering and amplitude thresholding was also widely used in the past (Huupponen et al., 2000; Schimicek et al., 1994) . Certain methods were proposed to calculate recording specific thresholds based on spectral features to address subject-specific differences (Huupponen et al., 2007; Ray et al., 2010) . Other methods developed in the past used a matching pursuit (MP) technique (Durka and Blinowska, 1995; Sch€ onwald et al., 2006) ; discrete wavelet transform (Ahmed et al., 2009; Duman et al., 2009; Imtiaz et al., 2013) ; fast-time frequency transform (Knoblauch et al., 2003b) ; and Gabor transform (Sch€ onwald et al., 2003) .
Recently, Teager energy operator and spectral edge frequency (SEF 90) features were used to identify spindles (Imtiaz et al., 2013) . Nonclercq et al. (2013) used normal modelling of frequency and amplitude features of spindles for automatic detection, and evaluated their algorithm on the Dreams database (Devuyst et al., 2011) .
Although promising results for automated spindle detection matching human scorer spindle detection were reported in previous work, there had been no common database to evaluate and compare the various techniques against each other until the online publication of the Dreams database. The Dreams database was, however, a small database in terms of the number of subjects and the duration of recordings provided. The database includes 30-min sleep excerpts from six subjects. All six excerpts contain visual (manual) scorings for spindle locations done by two different human scorers. The inter-human scoring agreement between the two scores was 55%.
A recent database, released as the Montreal Archive of Sleep Studies (MASS), provided us with a more comprehensive database of overnight PSG recordings and spindle annotations from 19 subjects (O'Reilly et al., 2014) . Spindle annotations were undertaken by two different scorers and were available along with the PSG recordings. The MASS database itself was recently published; only a few algorithms by some researchers have been tested on the database so far. The results by these authors are discussed further in the Discussion and Conclusion.
The aim of this article was to develop and test the automatic detection of sleep spindles using Gaussian mixture models -a clustering-based approach, and infinite impulse response (IIR) filters. Our method relies on clustering techniques to identify spindles, thereby avoiding the use of any fixed thresholds.
MATERI ALS AND METHODS

Subjects and data acquisition
Database 1
The SS2 cohort from the MASS database was used in this article (O'Reilly et al., 2014) . The database consists of data from 19 subjects, eight male and 11 female. The age of participants ranged between 18 and 33 years. All EEG channels were sampled at 256 Hz. Using the C3 channel, visual scoring was performed by two different scorers named 'V4' and 'V5'. While V4 used AASM rules for scoring, V5 used a broader definition and a wider band (11-17 Hz) to score spindles (Ray et al., 2010) . Union of scoring and an intersection of scoring from V4 and V5 were used to compare results in this study. Data from subject numbers 4, 8, 15 and 16 were excluded from analysis as sleep spindle scoring from scorer V5 did not exist for these subjects. Linked ear references (LERs) were used for all EEG channels.
Database 2
This database consisted of overnight sleep PSG data obtained from six (four male, two female, EEG sampling 200 Hz) healthy human subjects. Sleep spindles were visually scored by a single expert using the C3 and C4 channels. These data were recorded in a sleep lab at the Universit€ atsmedizin Berlin: Charit e (Berlin, Germany). The C3-A2 and C4-A1 channels were used in this study.
Overall, overnight sleep data from a total of 20 subjects (14 from Database 1, six from Database 2) were used.
Detection method overview
An overview of the spindle detection method is shown in Fig. 1 .
Feature extraction
O'Reilly and Nielsen (2015) have previously used an averaged signal from a collection of channels to detect spindles. This was based on their findings of relatively synchronous spindle activity with maximum delay between electrodes below 25 ms. Because the availabilities of the EEG channels from the two databases were different, only central electrodes were used in Database 2. For Database 1, we have analysed individual channels as well as a collection of channels (montage). Montages were developed using the central, parietal and frontal electrodes.
The montages are listed below: Database 1: All channels were referenced to a LER. Individual channels analysed: F3, F4, C3, Cz, C4, P3, Pz, P4.
Montages analysed:
Database 2: Central montage: C4-A1, C3-A2. The signal from each montage was an equally weighted signal from the combination of channels, for example, for Database 2: (C4 + C3)/2. The signal obtained from a montage is represented as S(t) throughout this article.
The S(t) signal was filtered using 8th order Butterworth (IIR) filters to obtain the following signals: 
F1(t) -S(t) filtered
Features
A 1-s-long moving window was used to calculate the features.
Sigma ratio
Calculating this feature is a two-step process. First the ratio of root mean square (RMS) power in F1(t) to RMS power in S(t) is calculated. This ratio is denoted as R(t). In the second step, the ratio of R(t) to its adjacent windows is calculated as:
The sigma ratio feature addresses two factors in determining a spindle. It is the ratio of spindle band energy to total energy in the signal. Additionally, it also compares the ratio with similar ratios in adjacent windows. Because high alpha activity can intrude into the spindle band (10.5-15 Hz), comparing the spindle band ratio with its neighbouring areas ensures that this feature is only high when a spindle is localised, unlike alpha EEG that last for longer durations.
Sigma index
This feature was an adaptation of a feature developed by Huupponen et al. (2007) . The feature produces high values when the energy in the spindle band is high and the energy in the alpha EEG band and high beta band is low, as high alpha EEG can intrude into spindle activity and high beta EEG band activity is an indication of EMG artefacts. This feature is represented as:
where F i (t) implies signal epoch in a moving window centred at time t.
Preprocessing of EEG signals
Based on the algorithm developed by Schimicek et al. (1994) , EMG artefacts were removed using 5-s epochs and the RMS power in the 30-40-Hz band. Any epochs with RMS power greater than 5 uV were discarded (Fig. 2 ).
Clustering using Gaussian mixture modelling
The two input features were clustered into two sets. Clustering-based methods do not use any form of thresholds to separate features. The clustering was based on the expectation maximization (EM) algorithm (Dempster et al., 1977) . In order to separate spindles from non-spindles (1-s segments of EEG not containing a spindle), a multivariate Gaussian mixture model (MGMM) approach was used to cluster the two features into spindle and non-spindle clusters. The EM algorithm is based on the probability density function of a MGMM, which is defined as follows: The result of Gaussian clustering will produce two multivariate Gaussian clusters. One cluster defines the nonspindle segments and the other cluster defines the spindle segments.
Spindle length check for separation of false detections
Based on the previous work of Patti et al. (2014) , we have implemented a length check to remove false spindles. A spindle of x samples length will appear inside a window of length k for (k À x) samples completely and partially for the whole window length. The ideal length to check for was established empirically and was calculated to be 90% of the window length in Patti et al. (2014) .
Identification of slow and fast spindles
Slow and fast spindles were separated using the Fast Fourier Transform (FFT) spectrum. Once a spindle was detected, a zero padded 1024-point FFT was used to calculate the centre frequency of spindle in the 10.5-16 Hz frequency band. The frequency at which maximum amplitude was identified was used as the centre frequency of the spindle. Spindles were segmented into slow-spindle and fast-spindle categories using two different cut-offs: a 13 Hz cut-off based on De Gennaro and Ferrara (2003); and a 14 Hz cut-off based on Weiner and Dang-Vu (2016) .
Performance measures
The 'By-Event' measurement standard described by Warby et al. (2014) has been used to calculate 'True Positives', 'False Positives' and 'False Negatives'. Visual scoring from two individual scorers was available for the two databases. The union of the two scorers for each database was used to calculate the measures. Using the 'By-Event' standard, an overlap between a spindle detected automatically and a visually scored one was considered as a True Positive.
The parameters estimated were: T p -True Positives; F n -False Negatives; F p -False Positives; T n -True Negatives. 
RESUL TS
The visual scorer for Database 2 did not score any spindles in the NREM-3 sleep stage (Table 1) . Our algorithm has detected a number of NREM-3 spindles that resulted in a high number of False Positives. This can be seen in Table 2 . If NREM-3 spindles were excluded from the calculation of the results, we obtained a false positive proportion (FPP) of 61.8% as shown in Table 5 .
Results using the single channel of C3 produced highest sensitivity (mean: 73.4%; overall: 74.1%) and lowest FPP (mean: 64.7%; overall: 59.5%; Table 3 ). P4 channel produced the lowest sensitivity (sensitivity mean: 57.75%; FPP mean: 70.97%). For montages, montage 3 produced the best results (sensitivity mean: 69.9%; FPP mean: 69.4%), and montage 4 showed the lowest sensitivity and the highest FPP.
One-way ANOVA of the single channels (F1-scores) showed significant differences (F = 3.33, P < 0.005). Given the small sample size of n = 15, we have conducted two statistical tests to compare results obtained using the C3 channel and other montages. The one-way ANOVA comparing different montages with the single channel C3 (C3 was used for visual scoring) showed no significant differences (F = 1.17, P = 0.33). The results of the paired t-test showed a significant difference between all montages and the C3 channel (P < 0.000001, significant after Bonferroni correction; Fig. 3) .
A major shift can be seen in the number of slow spindles and fast spindles scored in Table 4 when the cut-off is changed from 13 Hz to 14 Hz for all montages and single channels except for the frontal derivations. The shift is also seen in the visually scored spindles. This suggests that the majority of the visually scored spindles were centro-parietal fast spindles. While comparing the frequency distributions of the spindles scored by the algorithm (using C3) and the spindles scored by a visual scorer, significant differences were observed as the one-way ANOVA showed (F = 993.92, P < 0.00001). Comparing frequency distributions from different montages with the single channel C3 did not show any significant differences except for montage 3 (F = 105.96, P < 0.00001; Table 5 ).
The differences in the detection results obtained (using the C3 channel) between a union of visual scoring and the intersection of visual scoring is shown in Table 6 . A much higher FPP of 233% is observed for the intersection of visual scoring against the lower FPP of 59.6% for the union. A high FPP of 189% is still observed after discarding NREM-3 spindles.
The highest correlation (Table 7) between the number of spindles scored by the detection algorithm and the visual scorers was observed with the C3 channel (r = 0.71, P = 0.0027), and the lowest correlation was observed with the P4 channel (r = 0.49, P = 0.05). Table 8 shows the spindle density obtained by our method, visual scoring and Ray et al. (2015) . Compared with the visually scored NREM-2 spindle density of 5.71, we obtained a NREM-2 spindle density (C3 channel) of 6.12 (Figs 4-6). 
Slow and fast spindles
A higher number of slow spindles was seen using the frontal derivations, and a higher number of fast spindles when using the central and parietal derivations. This is in agreement with previous studies that have shown that slow spindles are observed more towards the anterior derivations and fast spindles are observed more in the posterior derivations (Anderer et al., 2001; De Gennaro and Ferrara, 2003) .
No visually discernible slow-spindle-fast-spindle dichotomy was seen in the frequency distribution of the visually scored spindles (Fig. 6) . Because significant differences were observed when comparing the frequency distribution of spindles obtained using montage 3 (containing frontal derivations) and other montages, it can be said that the majority of the visually scored spindles were centro-parietal fast spindles. Because there is an increased use of the MASS database to test automatically detected spindles, the Table 4 Mass database slow-and fast-spindle results, two different cut-offs were used: 13 Hz cut-off (De Gennaro and Ferrara, 2003) ; and 14 Hz cut-off (Weiner and Dang-Vu, 2016 A shift in majority is seen when the cut-off is changed from 13 Hz to 14 Hz. This implies that the majority of the spindles scored were between the 13 and 14 Hz range. When comparing the frequency distributions of the spindles scored by the algorithm and the spindles scored by visual scorers, no significant differences were observed as the one-way ANOVA showed P > 0.05. slow-spindle-fast-spindle dichotomy needs to be studied further in this database to ensure automatic detection algorithms are detecting both slow and fast spindles.
Montage selection
O'Reilly and colleagues previously compared results from different montages , and have been unable to show any significant differences between different montages. We do note that the databases used by O'Reilly and colleagues were different from ours, and spindles in their database were scored for Fz, Cz and Pz. In our study, the single C3 channel showed superiority in terms of sensitivity and FPP; however, one-way ANOVA comparing C3 with montages in our study showed no significant differences. A paired t-test to make the same comparison showed significant differences. Given the difference between the two tests, we believe the use of multiple electrode montages instead of single channels needs to be examined with larger datasets when both statistical tests are likely to yield the same results before a conclusion on the significance can be made. A larger number of false detections in the awake stage were identified in montage 4 (C3, Cz, C4, P3, Pz, P4). This is likely due to the use of parietal derivations that are more likely to produce higher alpha.
Comparison to other studies Tsanas and Clifford (2015) had executed six different algorithms from the literature along with two of their own algorithms on the same database (MASS) used in this study. The results obtained by them for different methods ranged in sensitivities (16.5-83.8%) and false discovery rates (49.5-86.5%) [FDR = FP/(TP + FP)]. Their own method has performed at a F1-score of 0.408, sensitivity of 84%, specificity of 90% and FDR of 83%. Although our method showed a lower sensitivity of 74.1% (C3 channel), it also showed a lower FDR of 44.5%, higher F1-score of 0.621 (0.07 standard deviation), implying a lower number of false detections. O'Reilly and Nielsen (2015) tested four different algorithms from the literature on the MASS database. Only relative box plots were given for these results. Their best F1-score of 0.61 using a sigma index detector was obtained when compared with scorer V5. In our study, the best results compared with scorer V5 were 0.628 F1-score at 74.1% sensitivity and a precision of 54.5%. Durka et al. (2015) had developed and tested a MP-based algorithm to detect sleep spindles on the MASS database; these results are comparable to results obtained in this study. They obtained results showing a sensitivity of 63% at a precision (a.k.a. positive predictive value) of 47% (median F1-score = 0.54). The precision The F1-score using the C3 channel (visual scoring channel) in our study showed a similar result of 0.621 (0.07 standard deviation). We would like to note that the McSleep algorithm parameters were specifically tuned for the MASS database. Other studies such as the ones conducted by Devuyst et al. (2011) and Huupponen et al. (2007) have shown superior results in terms of sensitivity and FPP. However, these algorithms were mostly tested and optimised on the Dreams database (Devuyst et al., 2011) or private databases. Because the Dreams database is limited to 6-30-min excerpts from six different subjects (scored by two visual scorers), these algorithms need to be tested on the public MASS database to be able to make direct comparisons.
Database 2
Lack of visual scoring of NREM-3 spindles and single visual scorer (as opposed to two in Database 1) are potential causes of higher FPP in Database 2 compared with Database 1. Sensitivity acquired on Database 2 was relatively consistent when compared with Database 1.
Correlation coefficient
In this study we have provided a correlation statistic comparing the number of spindles scored by the visual scorers with the number of spindles scored by our detection algorithm. An algorithm with a high Pearson's correlation coefficient can be used to study spindle differences between healthy and abnormal subjects even if the usual sensitivity, FPP statistics are not ideal. Due to the high correlation obtained by our method, it could be useful when comparing total number of spindles in two different groups. Spindle detection research may benefit if future studies aim to provide correlation statistics along with the traditional statistics.
NREM-3 spindles
The presence of NREM-3 spindles in Databases 1 and 2 produced higher FPP when NREM-3 spindles were included in the calculations (Table 5 ). Because NREM-3 spindles were not scored on the MASS database, it would be ideal for future algorithms testing on this database to show performance metrics including NREM-3 and excluding NREM-3 conditions. In this study, we have analysed the results of automatic detection using GMM using multiple databases and different montages. The results obtained indicate that GMM along with appropriate features produces results with similar sensitivity, ª 2017 European Sleep Research Society specificity and FPP across different databases obtained from multiple sources. The forming of multivariate Gaussian clusters is very subject specific, and hence individually adaptive without using any fixed thresholds. The GMM approach may be further improved in the future by using two separate processes for detecting slow and fast spindles using different montages. Further improvements could be achieved by incorporating stage-specific features that will help remove false detections in the awake and REM sleep stages. In this study, we have developed features that take into account that the spindle is a transient feature, and compared spindle features with their immediate neighbourhood in time. This kind of approach may also be used in detecting other sleep transients such as K-complexes. 
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